Background: Aging is a pleiotropic process affecting many aspects of organismal and cellular 1 physiology. Mammalian organisms are composed of a constellation of distinct cell type and state 2 identities residing within different tissue environments. Due to technological limitations, the study 3 of aging has traditionally focused on changes within individual cell types, or the aggregate changes 4 across cell types within a tissue. The influence of cell identity and tissue environment on the trajectory 5 of aging therefore remains unclear.
: Changes in cell-cell heterogeneity with age depend on cell identity. (A) Diagram illustrating the difference between gene expression variance (left) and cell-cell heterogeneity metrics (right). Gene expression variance measures the variance of the average gene in a manner that controls for mean expression levels. Cell-cell heterogeneity measures the average difference between cells across genes. Examples of data providing high and low values for each metric are schematized. (B) Overdispersion values (computed using the difference from the median method) for each cell identity conditioned on age. Each point in the underlying data represents a single gene. Many cell identities do not show a substantial shift in the overdispersion distribution. Some identities show increases in the mean overdispersion with age, while others show decreases. (C) Cell-cell heterogeneity measurements based on Euclidean distances to the population centroid for each cell identity and age. Each point in the underlying data represents a single cell. Most cell identities exhibit increased cell-cell heterogeneity in old cells (*: Wilcoxon Rank Sums, q < 0.05). However, some identities show decreased heterogeneity with age as well (kidney::CD8 T cell, kidney::classical monocyte). (D) Difference in overdispersion between old and young cells (∆Overdispersion) as a function of mean gene expression value in Vim+ kidney capillary endothelial cells (upper) and lung leukocytes (lower). Each point represents a single gene. Heatmap of top 15 genes significantly changed in the each direction across >= 5 cell types. Fold changes between old and young cells are presented for each cell type in each tissue. While no gene is universally changed across cell types, each gene is changed across multiple tissues and developmental lineages. (C) Top 5 enriched gene ontology terms for genes that are downregulated (negative values) and upregulated (positive values) with aging across >= 5 cell types. Dotted lines represent the α = 0.05 significance threshold. Antigen processing and metabolic pathways appear to be upregulated, while protein translation and translocation pathways appear to be downregulated with aging. (D) Violin plot of genes that are uniquely changed between two cell states in the lung (Wilcoxon Rank Sums, q < 0.05) -Npnt stromal cells and type II pneumocytes. Each gene presented is significantly upregulated or downregulated in one cell type and does not change in the same direction (log 2 (Old/Young) < 0.1) in the other cell type. Confidence intervals are computed by bootstrapping. For each cell state, we show the top two specific downregulated genes and upregulated genes. (E) Violin plot of genes that are uniquely changed between CD4 T cells isolated from the spleen and the lung. Genes are selected as in (D). 7 aging? To answer this question quantitatively, we compute a trajectory of aging for each cell identity in each tissue 240 based on their transcriptional profiles. 241 We perform this analysis using an embedding space derived by non-negative matrix factorization (NMF). NMF aging, we are able to make qualitative interpretations at a level of abstraction above individual genes.
246
To compute aging trajectories, we first embedded all cells observed across tissues in a 20-dimensional NMF space 247 ( Fig. 5B ; Supp. Fig. 11 ; see Methods, dimensionality chosen based on the trade-off between interpretability and 248 explained variance). To assign semantic meaning to the embedding dimensions, we identified genes associated with 249 each dimension by thresholding on the dimension loadings and analyzed gene set enrichment (Supp. Fig. 12 ). We 
281
Optimal transport analysis indicates that cell identity determines the magnitude of aging 282 Do some cell identities or tissue environments age more dramatically than others? To answer these questions, we 283 estimated the magnitude of aging using optimal transport distances in an NMF embedding, as described above. Here, 284 we utilize an embedding with 500 latent dimensions to capture more variation within the data (Supp. Fig. 11 ). Optimal 
289
The discrete optimal transport distance we apply here measures the minimum amount of change needed to make 290 one group of cells match another. This metric capture differences in the covariance structure and modality of a cell 291 population, in addition to differences in the population means (Supp. Fig. 14) . We compare the distance between 292 two cell populations by sampling n cells from each of them a number of times, and averaging the distance across 293 the samples (see Methods). This bootstrap sampling scheme allows us to meet the equal sample size requirement for 294 optimal transport distances, even when we observe different numbers of young and old cells.
295
Here, we compare the distance between young and old cells from each cell identity and tissue environment in the NMF 296 embedding. For each cell identity, we make three distinct comparisons. We make a heterochronic comparison between 297 young to old cells to estimate the magnitude of aging. This process is schematized in spleen B cells to provide intuition 298 ( Fig. 6A ). We also make two isochronic comparisons, comparing young cells to young cells, and old cells to old cells 299 (Fig. 6B) . These isochronic comparisons serve as a null distribution, estimating the distance we would expect to see 300 between random samples of cells in the absence of age-related change. In each comparison, we draw 300 samples, 301 each containing n = 300 random cells (see Methods for sampling scheme used for low abundance cell identities). We 302 normalize the heterochronic (Young-Old) comparison values for each cell identity by dividing by the mean of the larger 303 isochronic distance. 304 We interpret these normalized optimal transport distances as an estimate of the magnitude of age related change. We 305 find a large diversity in aging magnitudes across the cell identities we observe. Some cell identities exhibit little more 306 distance between young and old cells than between two isochronic groups of cells (normalized distance of ≈ 1), while To quantify the relative contributions of cell identity and tissue environment to aging magnitude, we use the same linear 311 modeling and ANOVA approach as above. These models reveal that cell identity explains the majority of variation in 312 aging magnitudes while tissue environment explains little variation (Fig. 6C ). To confirm that these results are robust to 313 the non-deterministic NMF embedding procedure, we compute these distances across 10 separate optimization runs of 314 the NMF embedding and find that relative distances are preserved. We likewise compute Old-Young distances with a 315 range of random sampling sizes and find distances are highly correlated across settings of this parameter (Supp. Fig.   316 15).
317
Perhaps surprisingly, we find that different cell states within the same cell type can have notable differences in aging 318 magnitude. For instance, spleen CD8 macrophages exhibit a larger aging magnitude than spleen CD4 macrophages.
319
Similarly, lung Dcn stromal cells exhibit a larger aging magnitude than other stromal cell counterparts. Across all three 320 tissues, CD8 T cells exhibit a larger aging magnitude than CD4 T cells. These observations collectively indicate that 321 cellular identity can have a notable impact on the magnitude of age-related change, such that even different cell states 322 within the same cell type exhibit differences in aging magnitude. Tissue environments by contrast appear to have less 323 influence on aging magnitude, suggesting that most difference in the magnitude of aging between tissues is driven by 324 differences in cell identity composition.
325

Discussion
326
Aging occurs across varied mammalian species, each composed of diverse cell types and states. While aging phenotypes 327 are well catalogued at the organismal and tissue level, the cell identities that they comprise have been less explored.
328
To understand the causes of aging, we wish to construct a causal network of molecular players and their relationships. (B) Expression of marker genes across cell states we identify in our data. Marker genes are either taken directly from those suggested by the Tabula Muris, or from marker genes we identify in their data using our differential expression procedure. Figure S4 : Correlation of cell identities between our data and the Tabula Muris. (A) Mean expression vectors for each cell identity were computed in our data and the Tabula Muris as the mean expression of each gene across cells in a given identity. We computed correlations between these mean expression vectors for all identities between the two data sets. Visualizing these correlations as a heatmap, we find that identities in our data are most similar to corresponding identities in the Tabula Muris. Higher AUCell score indicate high activity of the gene program. We do not find higher activity of the SASP genes in old cells. Figure S9 : Differential expression identifies a set of genes changed with age across many cell identities. (A) We identify a set of 275 genes change with age in at least k = 5 cell identities. Performing hierarchical clustering on the fold-changes within each cell identity, we identify subsets of these genes with similar behavior (color column labels). We used cosine similarity as an affinity metric for clustering. (B) Gene ontology enrichment terms for genes within each gene cluster identified above. Figure S10 : Differential expression analysis identifies age-related changes unique to cell identity and tissue environment. (A) Heatmap of common differentially expressed genes found in k > 3 non-immune cell states. We note that B2m, Ikgc, and Cd74 are commonly upregulated with aging, even in these non-immune cells. (B) Gene ontology enrichment terms for common differentially expressed genes in non-immune cell states. Dashed grey lines demarcate the α = 0.05 significance threshold for enrichment. We find that immunological activation pathways are upregulated even in these non-immune cell states, though we note that the gene ontology enrichments are modest. SRP-dependent protein localization and ER targeting are again downregulated. (C) Gene ontology enrichment analysis for genes upand downregulated with age in type II pneumocytes, but not Npnt stromal cells and vice-versa. Dashed grey lines demarcate the α = 0.05 significance threshold for enrichment. Genes downregulated with age reflect the mesenchymal nature of lung stroma and unique fluid shear stresses in type II pneumocytes. (D) Gene ontology enrichment analysis for genes up-and downregulated with age in natural killer cells from the lung, but not natural killer cells from the spleen and vice-versa. Figure S14 : Simulation experiments demonstrate that optimal transport distances capture differences between cell populations. (A) Two "cell populations" (blue, orange) were simulated as 2-dimensional Gaussian distributions.
We computed the centroid distance and optimal transport (OT) distance between populations for a range of possible differences that may arise between cell populations (text insets). As a baseline, we simulate unit Gaussians with different means. When the difference in means is increased (Mean Shift), both the centroid distance and OT distance reflect the magnitude of change. However, when we shift the covariance matrix of one population or simulate a bimodal population with the same mean as the baseline unimodal population, only the OT distance reflects these differences. (B) Comparison of centroid distance and OT distance metrics for comparing simulated cell populations. Each simulated population contains n = 5000 cells. Each simulation was performed 50 times to estimate confidence intervals. For each iteration of the simulation, we compute the OT distance as the mean OT distance across 30 random samples of n = 100 cells from each simulated population. (*: p-value < 0.05, t-test to baseline). Figure S15 : Optimal transport estimates the magnitude of aging across cell identities. (A) Optimal transport distances were computed for each cell identity tissue combination. We normalize our heterochronic comparison (Young-Old cells) by the larger mean of two null isochronic comparisons (Young-Young, Old-Old). We computed this normalized distance for 10 separate NMF optimizations. The mean normalized distance for a single NMF optimization is represented as a point, with violins outlining the distribution across 10 iterations. We find that the relative distances between cell identity/tissue combinations are not changed across NMF optimization runs. (B) Optimal transport distances were computed for a range of random sampling sizes. We present the normalized Old-Young distance values (normalized as in (A)) for each sample size. (C) Heatmap of Spearman correlations between the normalized Old-Young distances computed using different sample sizes. Old-Young distances have high correlation (Spearman's ρ > 0.9) across the range of sample sizes, suggesting the metric is robust to changes in sample size. (D) UMAP projection of the NMF (rank 500) embedding used for optimal transport distance calculation. Cell types are overlaid as colors. 
